Ektipnon BaBoucg (Depth Estimation), stereo vision
kat 3D Avakataokeun (3D Reconstruction)

Mtia sloaywyn ot Fewpetpikn Yrioloylotikn Opaon (Geometric Computer Vision)

I. Ztepavng Texvnt) Opaon (9.010)
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Aopun dtaAe&ncg (Outline)

Tt 6a dovpue kat yrati

il Kivntpo Ko e@appoyec: yiati xperalopaote Bdboc (depth);

il Movtélo kdpepag (pinhole) & Badpovounon (calibration)

il Yrepe0oKOTTIKY) YEwpETPLa (epipolar geometry) & opBoavaywy (rectification)

il Stereo matching = avopolomra (disparity) = Bddoc (depth)

il 3D avakaTaoKkeun: TPLYWVIOUAC (triangulation) kat vé@oc onpeiwv (point cloud)

il YOvSeon pe Qwroypappetpia (photogrammetry) / SFM kat GUYXPOVEC TTPOTEYYITELS

il Datasets/afloNOYNON KAl TIPAKTIKECS TTAYISEC
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Kivntpo: yiati « Badog»;

Applications mou To kavouv amapaimrto

To BaOoc¢ (depth) petatpemnet v sikova ano 2D napatnpnon o€ 3D katavonon.

Blounyavikn opaon (industrial vision)

Autovoun oénynon (autonomous driving) Depth sensors (ToF) / AR
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T eivat xapmg fadoug;

Depth map / disparity map o€ 1 lkova

Xdapmg Baboug (depth map): yia kabe pixel divel amodotaon (Z) 1) oxetikod Babog.
>TO oTEPEOlEVYOC, TIPWTA EKTILOVUME avopolomta (disparity) kal peta petatpenouvpe o fabog.

ciiginel rresge Ciparity Hap

i 3
1%
AploTtepd: apXLKn €lKOva e AgELd: XAPTNE AVOUOLOTNTAG
(disparity map)
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Tpomot ektipnong Badoug (Depth Estimation)

Passive / Active / Learning-based

Maontikég peEBodol (Passive): Baaoilovtal o€ ELKOVEG

Stereo (2 kapepeg) Pl Multi-view / SfM + MVS Passive

i Dense disparity = depth il Mol\éc ewdvee = 3D (sparse/dense)

i Amattei calibration & rectification i Robust estimation (RANSAC) + BA

i AUoko)lo o€ textureless/reflective i Scale ambiguity xwpig mpdoBeta cues

Evepyeg & learning-based pebodot

LiDAR / ToF / Structured light Active Learning-based (CNN/VIT) Learning

i ALECEC PETPNOELC range i Monocular depth a6 1 ewdva

i Apatd/6opupwdn — depth completion il Supervised 1 self-supervised training

il KOOTOC/EVEPYELO/TUVONKEG PWTLOUOU i K\ipaka/yevikeuon eivat cuyvd to bottleneck
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dwroypapperpia (Photogrammetry) o 30"

Kal mw¢ ouvdeetal pe SFM

QwTtoypapperpia (photogrammetry): TEXVIKEG LETPOEWV Kal avakataockeung (2D/3D)
QIO (PWTOYPAPLEC

LE OTOXO YEWUETPLKY) akpifela (1T.x. xaptoypdPnon, Tormoypagia, TIOATIOTLKY)
KAnpovoua).

il Structure-from-Motion (SfM): photogrammetry + computer vision yla TauTtoxpovn ektipnon
niodag kapepwv (camera poses) kat 3D doung (sparse point cloud).

il Multi-View Stereo (MVS): «mtukvwvel» to amtotéheopa o€ dense depth / dense reconstruction.

il .o BaOpovounpévo stereo, n kKAipaka eivat yvwaot (baseline B) = petpnoelc o pétpa.
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To mAnpecg Pipeline

Intrinsics, distortion, stereo extrinsics

Stereo Vision: NMAnpe¢ Pipeline 3A AvakataoKeung

Calibration — Rectification = Matching — Disparity = Depth — Point Cloud

N 4
1) Ce?hbra.hon 2) FE/H gl SJFereo 4) Regularization 5) Disparity 6) Depth 7) Point Cloud
(K, distortion, :R Hficat * Matching cost > SGM / SGBM > dix.y) > 7=fB/d > / Mesh
baseline B) ectification () map d(x.y = es
N J AN "y
Kupieg £€obol:

Inu.: Nna metric padog yperaleral owaoto baseline B kat intrinsics K.

* Rectified stereo pair MNa 2-view geometry: F (uncalibrated), E (calibrated), H (planar/rotation).

e Disparity map (mukvo)
e Metric depth map
e 3D point cloud / surface

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To mAnpecg Pipeline

Intrinsics, distortion, stereo extrinsics

Tu Kavel KaOe otadlo

Inputs/outputs + npaktikeg mayideg (failure modes)

Iradwa (inputs = outputs) Kpiowpeg mayideg

e AdBoc calibration = AdBoc¢ depth khipaka (ouoTnUaTikd
oPpAaAuLa)

* Calibration: checkerboard/rig — K, distortion, baseline B * Occlusions = “tpuneq” oto disparity (L-R consistency check)

e Undistort: raw images — d10pBwpéveg elKOVEG * Textureless eploxeq —> acagég minimum oto C(d)

e Rectification: F/E (+K,R,t) = ot emutolkéc uBeieC yivovral opt{dvTieg * Repetitive patterns — Ad6og avtiotoiioeig (ambiguity)
e Matching cost: (L,R) = C(x,y.d) (r.x. SAD, Census, NCC) e Specular/lighting changes — mismatch (xpriowua:

e Regularization (SGM): C = cuvenéc disparity (Tipwpia acuvexelac) Census/robust costs)

e Disparity = Depth: Z = fB/d (fj Z = fB/(d+doffs) o€ datasets) * Sub-pixel disparity — kaAutepo Z (aAla evaicOrro o
e Depth — 3D: back-projection = point cloud / mesh Bopupo)

e Depth error grows with distance: Z ~ 1/d (pakpia
XELPOTEPEVEL)
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Movtélo kapepag (Pinhole model)

Intrinsics (K) / Extrinsics (R,t)

Pinhole camera model

-

image
plane

M pinhole .~ virtual Real

Hnage object

f = Focal length
¢ = Optical center of the camera
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Movtélo kapepag (Pinhole model)

Intrinsics (K) / Extrinsics (R,t)

Projection: world coordinates—>image coordinates

D —P=|v

Image
center
(Ug, Vp)

i e || i
I

'V
|

Camera
Center

U

p:
{V} U=-Xx*L Vo=_Y *

p = distance from
image center

&\
N [~
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Projective geometry

Length (and so area) is lost. Angles are lost.

& Perpendicular?
Which is closer?
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Projective geometry

What is preserved?
* Straight lines are still straight. Vanishing points and lines

I Vertical vanishing
point
(at infinity)

.I.
VanIS_hlng Vanishing
point i
point

Slide from Efros, Photo from Criminisi
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Projective geometry

« 2D point in projective = (x,y,w) coordinates = Homogeneous coordinates

— w defines the scale of the projected image. « Projective

— Each x,y point becomes a ray! . :
yp Y * Point becomes a line

To homogeneous

"'T f | x
| / / (z,y) = | ¥
3
(3,6, 3) yd 1
/
/ /
2e
Projector _ _ 42,42 / From homogeneous
< 1 /{ D Caﬂes_ian Space £
\. 842 {w_”/ Yy == (:z:/w, y/w)
I / 4 w
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Projective geometry

Slide Credit: Savares

Camera (projection) matrix

X: Image Coordinates: (u,v,1)
X = K[R t] X  K: Intrinsic Matrix (3x3)
. . R: Rotation (3x3)
| " t: Translation (3x1)
X: World Coordinates: (X,Y,Z,1)

|
Extrinsic Matrix
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Projective geometry

+ Vertical vanishing

Projection loses length, ™" j
area, angle, but straight . \ =
lines remain straight. \ = oy

Pinhole camera model
and camera projection

matrix.
Homogeneous o
coordinates. N
(’I? y) = Yy
1
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Movtélo kapepag (Pinhole model)

Intrinsics (K) / Extrinsics (R,t)

T KpATAME:

il MpoPoAn| TpoorTtikiC (perspective
projection): 3D = 2D.

il Eowtepikég mapdpetpot (intrinsics): f,
(c_x,c_y), skew, kAipaka pixel.

il EEwtepkéc (extrinsics): meplatpoen R Kat
petatornon t (mola kapepag).

s Napapopewaoelc @akou (lens distortion):
TIPETTIEL VA dlopOBwbOoLV TipLv arto stereo

matching.

YNV ektipnon Baboug, n Babuovounon
(calibration) sivat T6oo onuAVTIKY] 0G0 KAl TO
matching.
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Movtélo kapepag (Pinhole model)

Intrinsics (K) / Extrinsics (R,t)

T KpATAME:

Camera coordi-

y il MpoPoAn| TpoorTtikiC (perspective
nate system 0
S

projection): 3D = 2D.

World coordi- o , , e .
nate system il EowTepLKEG MapaueTpol (intrinsics): f,

(c_x,c_y), skew, kAipaka pixel.

il ESwteplkeq (extrinsics): meplotpoon R Kat
Y petatornon t (mola kapepag).

s Napapopewaoelc @akou (lens distortion):
TIPETTIEL VA dlopOBwbOoLV TipLv arto stereo
matching.

>INV ekTipnon Baboug, n YEWUETpIa
(calibration) sivat 1600 onuavtikn 600 Kat To
matching.
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BaOuovopnon Kapepag

Intrinsics (K) / Extrinsics (R,t)

Calibrating the Camera

Use an scene with known geometry
— Correspond image points to 3d points

— Get least squares solution (or non-linear solution)

Known 2d Known 3d
image coords  world locations

. ¥

T 1 X
Su mp, my, m; nmy,

Y
SV =My My, 0Ly 1y

YA
| S | My My M3 Mgy 1

Unknown Camera Parameters
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BaOuovopnon Kapepag

Intrinsics (K) / Extrinsics (R,t)

Unknown Camera Parameters

o X
Su my, nmy, nm; Ny
Known 2d Y | Known 3d
image coords | °Y [ 7| ™ M2 M Ml S ocations
S My My Myy Mgy 1

Next, rearrange into form
where all M coefficients are
individually stated in terms
of X,Y,Z,u,v.

-> Allows us to form Isq
matrix.

myuX +myuY +mypuZ +myu=m X +m,Y +m 2 +m,

my vX +my,vY + m vZ +my,,v=m, X +m,,Y + m,,Z +m,,

0=m, X +m,Y + m,;Z+m,, —m, vX —m,vY —m,vZ —m,v
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Ba®upovounon (Calibration)

Intrinsics, distortion, stereo extrinsics

Tt ektipov e (estimate):

i K (intrinsics): f_x, f_y, (c_x,c_y)

il Mapapoppwon gakou (radial/tangential
distortion)

il Stereo extrinsics: R, t petafl aplotepnc/Seilag
KAUEPACG

il Baseline B (yvwaoto) = armoAuTn KALpaka BABoug

Mpaktika:

il MoM\ég MWelg/moleg chessboard — otaBepdtepn
ektiunon (robust).

il Undistort + Rectify mpwv amt6 disparity.
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Ba®upovounon (Calibration)

Intrinsics, distortion, stereo extrinsics

Camera Calibration Toolbox for Matlab

Tt ektipov e (estimate):

W K (intrinsics): f_x, f_y, (c_x,c_y)

il Mapapoppwon gakou (radial/tangential

o o
distortion)
R | ___ il Stereo extrinsics: R, t petafl aplotepnc/Sefild
CALIERATION P sandbox . SetBdocasdocr. | o 3 @,@@E@@| ° ’ u p pnq q
s 0 H @ Lf)sztmm i [T] O Computelntrinsics Radial Distortion: Compute: ) S 7
New Open  Save | Add SLRTEL AUSEF‘XEM“_WIG o) 2 EmEmE LT Optimization ~ Calibrate  Show Rectified  EXPORT Kauepac
ession Session Session ™ |Images Pan Layout Load Intrinsics © 3 Coefficients [ Tangential Distortion  Options |
FILE ZOOM LAYOUT INTRINSICS OPTIONS OPTIMIZATION | CALIBRATE VIEW v = |
© | Data Browser | | Image |

= il Baseline B (yvwaoto) = armoAuTn KALpaka BABoug

left01.png & right01.png

1:left0l.png & right01.png

Gl

2: left02.png & right02.png

Mpaktika:

i MoAAéc MPelg/moleg chessboard — otaBepotepn
ektipnon (robust).

i Undistort + Rectify mpwv amd disparity.

5: left0S.png & right05.png
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Ba®upovounon (Calibration)

Intrinsics, distortion, stereo extrinsics

Virtual image plane

Image plane Focal point

- G &

x1_ |3 P =K[Rt]
Scale fa:t:n:r [?I'] ="' \ZI{ N r:;rix I ™\ Extrinsics

R\

Rotation and Translation

1
Image points World points Intrinsics matrix
Image
(in pixels) Camera World
-
Point
Op 4 /
I L
]oi o Ow
-
\
Intrinsics K Extrinsics [R 1]

Tt ektipov e (estimate):

W K (intrinsics): f_x, f_y, (c_x,c_y)

il Mapapdpewon @akov (radial/tangential
distortion)

il Stereo extrinsics: R, t LeTafU aplotepnc/SefLdg
KAUEPACG

il Baseline B (yvwaoto) = armoAuTn KALpaka BABoug

Mpaktika:

i MoAAéc MPelg/moleg chessboard — otaBepotepn
ektipnon (robust).

i Undistort + Rectify mpwv amd disparity.
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Ba®upovounon (Calibration)

Intrinsics, distortion, stereo extrinsics

Tt ektipov e (estimate):

Examples of what you can do after calibrating your camera:

Remove Lens Distortion Estimate Depth Using Measure Planar Estimate 3-D Structure frorh
a Stereo Camera Objects Camera Motion

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



ETTUTOAKY) YEWMETPIA

\
1) Calibration
(K, distortion,

baseline B)

. 2FEMH J 8 sicreo ‘ . 4 Regularization | |, 5) Disparity . . 7) Point Cloud
©

* Rectification = e SGM / SGBM map d(xy) /Mesh
/ J \ /) \

Ouolwdng Kat Ogpehiwdng Mivakag

Epipolar plane
Image plane 2

Image plane 1

Base line _
Zy Epipole
Y Epipolar line 1

w

Fig. 7.15 A sketch of epipolar geometry for two cameras in general poses

Essential Matrix kat Fundamental Matrix

> TNV UTTOAOYLOTLKN 0paon , o Essential Matrix
(Ouowwdnc Mivakag) kat o Fundamental Matrix
(OepeMwdnc Mivakag) sivat dUo epyaleia-KASLA
yla TV EpLypapn e YEWHETplag peta&y dvo
glkovwy (Epipolar Geometry).

MNapoAo 1ou Kal ot SUO TIiVAKEG TUVOEOUV
avtioTtolya onpeila arto dUOo dLagopPeTIKEG ANYPELG
™G OLag oknvNng, N KupLa dltawopda Toug EYKELTAL
0TO AV YVWPIL{OULLE TIC ECWTEPIKES TTAPAUETPOUG
™G KAUEPAG.
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OepeAlwONC Kat OuowoNng Imivakag

3) Stereo
* Matching cost

1) Calibration (
©

(K, distortion,

2) F/E/H ‘
baseline B)

S . 4) Regularization , 5) Disparity
+ Rectification J
J

SGM / SGBM map d(x.y)

Intrinsics, distortion, stereo extrinsics

(1

X1

>.~U

B

2 - f‘l_ -
§ 2 =

COPg

P
0 O 07r1*

[x" y' f][o 0 B]y
0 —B ollf

Bfy' = Bfy=ly' =y |

Given a known point (x,y)
in the original image,
this is a line in the (x',y")
image

Essential Matrix kat Fundamental Matrix

H TTpaKkTIKA onuagia Twv dU0 QUuTWV TTIVAKWY OTO
Stereo Vision kal o1o Depth Estimation (extipnon
BaBoug) ival kaBopIoTIKH, KABWC aTTOTEAOUV TO
MaBnuaTikd BepéAlo yia va peTaTpéWoupue dUOo
eTiTTedEC €IKOVEC (2D) o€ TpiodidoTaTn TTAnpoOPopIa
(3D).

OepeAIwdNG - Fundamental Matrix (F): Eival o "xaptncg" mou pag emTpETTEl va avTioTolxi(oule pixels yeTagu Twv OUO KAPEPWV
XWPIG va ¢Epoupue TiTToTa YI' AUTEG. Eival 1o TTpwTo BAMa yia va Bpouue TV TTapdAAagn (disparity).

Ouoc1wdng - Essential Matrix (E): Eival To epyaAcio TTOU JETATPETTEI TIC QVTIOTOIXIEC TWV piXels € TTPAYUATIKI YEWMETPIKNA
TTAnpo@opia (METPA, YWVIES), ETTITPETTOVTAC TNV aKPIPr METPNON atTooTaoewyv oTo 3D Xwpo.

Me atrAd Adyia: Xwpi¢ auTtoug Toug TTIVOKEG, N KAPEPa Ba EBAETTE aTTAG dUO AOXETEC £IKOVES. Me auToUg, "KataAaBaivel” Tn YEWMPETPIKNA
OX€0N TOUG KOl JTTOPEI va UTTOAOYIOEI OTI £€va QVTIKEIMEVO BPIiOKETAI TT.X. AKPIBWS OTa 5 PETPA.
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( \ N
. 4) Regularization . 5) Disparity . . 7) Point Cloud
SGM / SGBM map d(x.y) / Mesh
J \ \

2) EMH

. .
+ Rectification Matching cost

©

| baseline B)

1) Calibration ‘

Meplypa@n ™C YEWHETPiag HeTal 800 ewkdvwy (Epipolar Geometry) ke

“ { 3) Stereo

Intrinsics, distortion, stereo extrinsics

Essential Matrix

XpNOLUOTIOLEITAL OTAV Ol KAUEPES Elval
BaBpovounueveg (calibrated). Auto onuaivel ot
YVWPL{OUUE TOV TTiVaKa ECWTEPLKWY TTAPAUETPWY
K(eotiakn amootaon, KUpLo onueio K.AT.)

o'

~ | =
$lx(R&H]=0  EEy FTEX'=0 with E=[1] R
a=(a; as a3)’
b = (by by b3)"
al, = [ 23 ‘33 _‘:] MAnpogopia: KwdlKomolel LovVo TN oXETIKY) 1tola
4, o 0] axb=]|a],b (Longuet-Higgins, 1981) (relative pose) HeTafV Twv SU0 Kapepwy, SnAadY

Matrix representation of the cross product

Y UVTETAYUEVEG: AEITOUPYEL OE KAVOVIKOTTOLNMUEVEG
OUVTETAYMEVEG lkovag (normalized image
'l coordinates)

Essential Matrix

v nieplotpodPn (R) kat  petadeon (t).

BaOpoi EAeuBepiag: Exet 5 Babuoug eheuBepiag (3
yla TNV TEPLOTPOPT) KAl 2 YIA TY) LETAOEDT), KAOWG
N KAlpaka/scale mapapevel ayvwaotn)
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( N ([ N
. 4) Regularization . 5) Disparity N . 7) Point Cloud
SGM / SGBM map d(x.y) / Mesh
/N A\ / \

2) HE/H

. .
+ Rectification Rlaiching cost

©

1) Calibration ‘

Meprypan m¢ YEWHETPlag petagl duo eikovwy (Epipolar Geometry) ;f o

‘ { 3) Stereo

baseline B)

Intrinsics, distortion, stereo extrinsics

Fundamental Matrix (F)

 x=K'x=X F=K""'x'=X'
) LY 3D scene point K, . ' ’
:-;ODrr:gsiZ;oal:zszg]pomt 2D pixei'coordinate SPEE o SRR Sap 3D scene pointw;ith respect to O Fundamental Matrlx etvat n YEV[KEUGH Tou
(homogeneous) "d camera’s coordinate system 3 . 7 7
’ 30 coordinate sy Essential Matrix yia un BaBuovounpEeEVES KAUEPES
AT A uncalibrated).
X Ex'=0 ( , ) , ,
ol mm) x'Fx'=0 with F=KTEK'"" > UVTETAYMEVEG: AElTOUpYEL arteuBeiag pe
x — x 14 [ I I I
i | OUVTETAYUEVEC pixel, xwpic va amatteitat yvwon
AL r—1 .t
x=K""x

TWV TTAPAUETPWY TNG KAMEPAC.

Fundamental Matrix
(Faugeras and Luong, 1992)

MAnpogopia: NMeptAapBavel TOGO TNV EEWTEPIKN
vewpetpia (R, t) 000 Kal TIC ECWTEPLKES
niapapeTpoug (K) Twv kapepwv.

BaBuoi EAeuBepiag: Exel 7 Babpoug elevbepiag.

Properties of the Fundamental Matrix

MaBnpatikog Tumog: .
E=K'TFK

MpakTIKA Znuaocia

Av B€Aoupe va Bpoupe TTWG KIVABNKE Wia K&dpepa aT1o XWPo (T1.X. o€ éva drone ) pouTroT), ouvhBwg
utroAoyifoupe TTpwTta Tov Fundamental Matrix a1mé 1o pixel Twv eikévwy, kar av Eépoupe 10 K, Tov
peTatpémmoupe ae Essential Matrix yia va e€dyoupe Tnv TTEPICTPO®NA Kal TN PETAOEDN

(Structure from Motion (SfM) ka1 SLAM)
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Stereo: avopotomra (Disparity) kat Badocg (Depth)

Mapopota tpiywva = Z =B / d

Baowkn oxéon (rectified stereo):
A d=x-x"=(Bf)/Z = Z=
(B-f)/d
il B: Baon (baseline) petafV kapepwv
il f: eoTLakn amdotaon (o€ pixels)

Z il d: avopoldmnra (disparity) — opllovtia
METATOTILO)

il 7: BaOoc (depth) — amtdoTOON KATA TOV
atova z

‘000 uikpaivel to d (pakplva onueia), T6oo
auv&avel n oxeTIK aBeBatotnta oto Z.

B
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I 4 4 i ) : 7
1) Calibration 3) Ste S CH

ErtutoAikn vyewpetpia (Epipolar geometr pe (o || -z |[ - ompme | s [
baseline B) ectification © SGM / SGBM map d(x,y)

/ Mesh

Nati errayuvel/meplopilet to matching i —

15ea:

il K40e onueio oV aplotepn eKdva
QVTLOTOLXEL OE ETMUTOALKY] YPOALUN
(epipolar line) o &&&a.

il Apa: avalntoupe avtiotoixton 1D
avti yta 2D (rtoAU taxutepo).

i To Fundamental matrix (F)
KWOLKOTTIOLEL TOV TTEPLOPLOO X F x =
0.

>71o rectified stereo, ol EMUTOAIKEG
YPAUUEG evBuypappilovTal HE TIG
Left Vv | ew ng ht Vv | ew YPAUMUEG ElKOVaG — To d yivetat

«kaBapa opllovtio.
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— - .
(Y £J [ 1) Calibration 3) Stereo S S
e re o reC Ca o n (K. distortion, 2 S Mkt ot , 4) Regularization , 5) Disparity | N , 7) Point Cloud
SGM / SGBM map d(x,y) / Mesh

baseline B) /) (@]

Baloupe TIG EMUTOAKES YPAUMES «OPL{OVTLEG»

2TOXO0G: MeTa TNV opBoavaywyn (rectification) ot avtiotolyieg €xouv idto y (ypauur) = avadijtnor Hovo oe X.

Mpwv (unrectified) Meta (rectified)

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



(Y £J [ ( Somram ) ’ ‘ | | ‘
1) Calibration 2 FEM 3) Stereo - A [
e reo reC Ca 0 n (K, distortion, > /E/H > Matching cost - 4) Regularization , 5) Disparity - 6) Depth , 7) Point Cloud
baseline B) + Rectification SGM / SGBM mapd(x,y) Z=fB/d / Mesh

©)

Baloupe TIG EMUTOAKES YPAUMES «OPL{OVTLEG»

Mpwv TNV opBoavaywyn (rectification) ot avtiotowieg dgv €xouv 8o y (ypapuur) = avalijtnor o€ X Kat Y.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)
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1) Calibration 2 3) Stereo S SR ‘
e reo reC Ca 0 n (K, distortion, > Matching cost - 4) Regularization , 5) Disparity - 6) Depth , 7) Point Cloud
baseline B) SGM / SGBM mapd(x,y) Z=fB/d / Mesh
_ ) )\ ) \

Baloupe TIG EMUTOAKES YPAUMES «OPL{OVTLEG»

©)
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To npoBAnua avriotoixtong (Correspondence problem)

MNati to depth estimation dgv eivat «pia mpda&n»

O Fundamental Matrix pag A€€L 0Tl eva onuelo oTnVv elkOva A TIPETEL va BploKeTal

TIAVW OE LA CUYKEKPLULEVT YPOUMY) (ETTUTOALKT) YPAUYN) OTNV €IKOVA.

o

[
To MpofAnua: "@opufog"” ota Aedopeva

il ‘OTtav poomaBoUE yla va BPOULE KOWVA ONHELR O SUO QWTOYPAPIES, TTOMA artd auTtd Ta {eVyn eivat
AavOaopéva (outliers).

i Mropei SU0 onpueia va potalouv ortTikd aAA VO AVIIKOUV O€ SLAQOPETIKA AVTIKEILEVA.

il AV TpooTIaONooUE Va UTIoAOYioOUpE Tov Oepelwydn Mivaka (Fundamental Matrix) XpnOULOTOWWVTOAC
oha ta onpueia padl, ta Aadn 6a "poAvvouv" Tov UTTOAOYLOMO KAl TO QUTOTEAECUA Ba gival EVTEAWCG
axpnoto. Arntatteital pua pebodoloyia e€alenpng twv outliers.

Mpaktikn AVon: RANSAC outlier detection and elimination

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To npoBAnua avriotoixtong (Correspondence problem)

MNati to depth estimation dgv eivat «pia mpda&n»

Figure 4: Window Based Correspondence Illustration (Veksler)

MpakKTiKY) AUon: «eUpwaotn» (robust) ektipnon + opnaloroinon (regularization) + €é\eyxol ocuvenelag (consistency
checks).

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To npoBAnua avriotoixtong (Correspondence problem)

MNati to depth estimation dgv eivat «pia mpda&n»

il OpoLOpOpPEC TIEPLOXEC (textureless): TOAA tiBava matches.

il Ertavalappavopeva potifa (repetitive patterns): AdBoc avtiotoxioeLc.
il ArtokpUWeLC (occlusions): onueia Tou UTTAPXOUV LOVO 0T pia EKOVA.
il \laopéc pwTiopov/ékBeonc (radiometric differences): aA\AGleL To cost.
il Avak\doele/Slagpavelec (specular/transparent)

djj’ﬂp I 14 ° 14 I
i K lvoupeva avtikeipeva (dynamic scenes): Sgv LoXUEL OTATIKOTNTAL.

MpakKTiKY) AUon: «eUpwaotn» (robust) ektipnon + opnaloroinon (regularization) + €é\eyxol ocuvenelag (consistency
checks).

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To npoBAnua avriotoixtong (Correspondence problem)

MNati to depth estimation dgv eivat «pia mpda&n»

H Avon: O AAyoptOpog RANSAC

O RANSAC (Random Sample Consensus) gival pia mavaAnittiky] MEBodog mou "pavtevel” mola onueia
elvalt owotd. H dtadikaoia Aettoupyet wg €&ng:

1) Tuxaia Erttdoyn: ErtiAéyet Eva ehaxloto deiypa onueiwv (ouvnbwg 8 onueia).
2) Yrtohoylopog: Yrohoyilel €vav vrtodmeto mivaka F povo amo avtd ta 8 onueia.

3) EAeyxog (Voting): EAEyxel OAa Ta LTTOAOUTA ONUEia TWV PWToYpaAPLWVY. MNMooa armd autd "cUIPWVOULV" e

QUTOV TOV TTLVOKAL;
4) Eravainyn: Enavalappavel ta Brjpata 1-3 moAAES POPEG.

5) Ertthoyn): Kpatdet tov mivaka F mou gixe Toug meplocotepoug "umootptkteg” (inliers).

Mpaktikn AVon: RANSAC outlier detection and elimination

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To npoBAnua avriotoixtong (Correspondence problem)

MNati to depth estimation dgv eivat «pia mpda&n»

RANSAC °

(RANdom SAmple Consensus) :

RANSAC

Fischler & Bolles in ‘81. : ;
ischler & Bolles in Line fitting example

Algorithm:

This data is noisy, but we expect a good fit
to a known model. 1. mple (randomly) the number of points requir fit the model (s=2
2. Solve for model parameters using samples

Here, we expect to see a line, but least- 3. Score by the fraction of inliers within a preset threshold of the model

squares fitting will produce the wrong result
due to strong outlier presence.

Repeat 1-3 until the best model is found with high confidence

Mpaktikn AVon: RANSAC outlier detection and elimination

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To npoBAnua avriotoixtong (Correspondence problem)

MNati to depth estimation dgv eivat «pia mpda&n»

RANSAC RANSAC
Line fitting example ‘
2 i
., @
5 L3
. .‘0",' Nlnﬁers = 14
Algorithm: Algorithm: ,
1. Sample (randomly) the number of points required to fit the model (s=2) 1. Sample (randomly) the number of points required to fit the model (s=2)
2. Solve for model parameters using samples 2. Solve for model parameters using samples
3. Score by the fraction of inliers within a preset threshold of the model 3. Score by the fraction of inliers within a preset threshold of the model
Repeat 1-3 until the best model is found with high confidence Repeat 1-3 until the best model is found with high confidence

Mpaktikn AVon: RANSAC outlier detection and elimination

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Napadewypa: disparity map (OpenCV)

KAaowko output amé block matching

MoV ypnotponoteitat RANSAC o€ Stereo / 3A
Reconstruction

Robust estimation nipwv ano refinement (least squares / BA)

/Stereu (2-view) \ /S»fM / Multi-view \

* Feature matching — RANSAC fit yia F (7/8-point) 1 E (5-point) e RANSAC PnP: 2D-3D correspondences — pose (inliers)
e Amto inliers: rectification + triangulation otaBepotepa e Filtering ripwv to BA: pewwvel outlier influence
e Homography H (4-point) 6tav n oknvn sivat (oxedov) enimedn e Turika: RANSAC — non-linear refinement — BA

o AN /

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Stereo matching: cuvapmon kootoug (Matching cost)

TLouykpivoups;

TUTTIKEG ETTLAOYEC:

il SAD / SSD (Sum of Absolute/Squared Differences) — Kevtpikn 6€a (dense stereo):
artA\o, EVAICONTO O€ PWTIOUO Yrohoyi¢oupe kootog C(x,y,d)
. yLa TTIoANEC TOaveg avopolomreg d — “cost
i NCC (Normalized Cross-Correlation) — ka\Utepo o€ volume”
gradients Kol LETA Bpiokoupe To kKahutepo d (pe/xwpig
opaloroinon).

il Census transform (Hamming) — 1o avOekTiko

(robust) og pwtiopo

il Feature-based matching (SIFT/ORB) — apatd BaBog
(sparse), oxL dense

x,y,d

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Stereo matching: cuvapmon kootoug (Matching cost)

TLouykpivoups;

TUTTIKEG ETTLAOYEC:

left image right image
3 5 a4 4 2 4 2 3 5 4 4 2 4 2
[ o
i SAD / SSD (Sum of Absolute/Squared Differences) — rlala|alalals 7|al2|al|al2]s
QITAO, EValCONTO 0€ PWTIOUO 2|7 |46 |42 |46 |6 | 7 4 46 (46 | 3 [ 6 | 6 | 7
. . ’ 5 9146 |46 (44 | 9 7 48 46 | 44 | 6 9 9 7
i NCC (Normalized Cross-Correlation) — kaAUtepo o€ |
. 4 7 47 | 47 | 47 2 4 47 | 47 | 47 7 4 2 4
gradients -
4 7156 |5 |46 | b 7 SB | 56|46 | 5 6 6 7
il Census transform (Hamming) — 1o avOekTiko 3|a|laf[1}a|3]2 3fa|a|1|a]|3]|2

(robust) og @pwTIONO

il Feature-based matching (SIFT/ORB) — apatod Bda6og ;"
(sparse), oxt dense (46—-48)° +(46-46) +(44-44) +
(47-47F +(47-47) +(47-47) +
(56—58) +(56—56) +(46—46) =8

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Semi-Global Matching (SGM / SGBM)

YuuBLBaocuog motdmrag-xpovou

Tukavel (high level):
il TUoOoWPEVEL KOTTOC KATA UNKOC TIOAAWV

Left Camera Right Camera
b KateuBbuvoewv (paths)

i ErtiBAAAEL 1yTLa OpaAOTITA
(smoothness) xwpig mAnpn global
optimization

Image 2

il AoULEVEL KOAA TE TIPAYHUATIKO XPOVO
(real-time) pe owotr VAomoinon

Real World Point 2 To OpenCV uvlomnotet SGBM
(StereoSGBM) w¢ mpakTikn mapaiiayn
Tou SGM yla dense disparity.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



MNapaderypa: disparity map (OpenCV)

KAaowko output amé block matching

Window-based matching ‘Ground truth’
(best window size)

YNMELWOT): TO ANTOTEAEOUA UITOPEL va ival BopuPwdeg = xpetalovtal owaoTeS TapapeTpol + post-filtering.

FewpEeTpLKY) Yrtoloylatikn Opaon (Geometric Computer Vision)



Napadewypa: disparity map (OpenCV)

KAaowko output amé block matching

iy inel irmesge Cdmparity Eap

YNMELWOT): TO ANTOTEAEOUA UITOPEL va ival BopuPwdeg = xpetalovtal owaoTeS TapapeTpol + post-filtering.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



3D Backprojection

Ao disparity oe metric depth

3D Backprojection: Ano disparity a€ metric depth

Rectified stereo — d(x,y) = Z(x,y) = (X.Y,Z)

4 N ™ i
Disparity map d(x,y) > Z=fB/d > (uv,Z) = (XY,2)
L (rectified) y L (n Z = f:B/(d+doffs)) y HE K

Tumol (pinhole, intrinsics K):

Z=fB/d
X=(u-cx)-Z/fx
Y=(v-cy)-Z/fy

InW.: u,v giyal pixels g rectified gikovag (ueta armo undistort+rectify).

Links:

https/dogcsopency.org/4.x/d9/d0c/group__calib3d.html (Q, reprojectimageTo3D)
: 4. 53/tutoria 14
S x/dd/d53/ ial_py.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Meta-eneepyaoia (Post-processing)

Ma kaBapotepo disparity = kalutepo depth

il Speckle filtering: agaipeon pikpwv «vnoidwv» (speckles).

il | eft-right consistency check: d_L(x,y) = d_R(x-d,y).

il Sub-pixel refinement: BeAtiwon akpifetac d (rm.x. mapepfoAn).

il Edge-aware filtering: Stampnon akuwv (discontinuities) ato BaOoc.

il Hole filling / inpainting: cupmAnpwon occlusions e ipogoxn.

MPAKTIKO: cUXVA BEATIWVEL TO ATTOTEAECUA TIEPLOCOTEPO UE post-processing mapd PE «UAYLKES» AANAYEG OTO
matcher.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Depth from disparity: amo ta pixels ota petpa

Z = (B-f)/d Kal TTpaKTIKEG LOVADEG

Z = (B-f)/d
f oe pixels e B og petpa o d o€ pixels = Z og perpa
Juxva Aaon:
il Xprion AdOoc¢ f (71.x. mm avti yia pixels).

il Baseline B AdBoc¢/dyvwaoto — AdBoc KAIpaxa.

il Rectification A\aBoc = 1o d Sev sivar apywe opldvTio.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Point cloud kataokeun kat mpofAnupata

Ao to stereo rectification og 3D

Point Cloud: Kataokeun + KaOapLopog
Depth/3D ywpic quality control — 8opuBoc, speckles, A\aBog points

Raw disparity/depth — noisy 3D Filtered disparity/depth — cleaner 3D

* o - L] e ®
. ® e @ ' ... . ° :.
1.‘. £ e . o8 .
@ e ".: : :'. i .
[ ® b
&
. -.' ‘ K : . °. ¢, .

Zuvnen Prnuata post-processing:
® Left-right consistency check = occlusions mask
® Speckle filtering, median/bilateral/WLS filtering (edge-aware)
* Confidence thresholding (cost curve sharpness / uniqueness ratio)
® Depth range clipping + voxel downsample (yia visualization)

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Q reprojection Matrix oto OpenCV

Ao to stereo rectification og 3D

Q (Reprojection Matrix): ypnyopog tpomog yia 3D

Output tou stereoRectify — ameuBeiag disparity = 3D

stereoRectify Disparity d

reprojectimageTo3D
— R1,R2,P1,P2,Q (o€ pixels)

(d, Q) — 3D

Tukavelto Q;

e Kwdikomolel n yewpetpia rectified stereo (baseline, focal, principal points).
e Aivel 3D onpeio yia kaBe pixel: (X.Y,ZW) = Q - (u,v,d,1)T, peta divide by W.
e [1pakTiko otav £xoupe calibrated stereo kat Oehoupe apeon dSnuovpyia point cloud.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Backprojection - ICP algorithm
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Mwg ouvepyadlovtal (ICP + Backprojection)

2¢€ éva ouoTtnua Stereo Tracking 1 SLAM:

Backprojection: H otepeookoTrikr) KAuepa Aaupavel dUo €IKOVES, uttoAoyilel To BABOC Kal TTapdyel éva 3D vEQOog onueiwy yia To TPEXOV KapPE.

ICP Alignment: O aAyépiBuog ICP ouykpivel T0 vEO auTd VEQPOG UE TO VEPOG TOU TTponyoupevou Kapé (1 e éva TTpoUTtapxov 3D povTéNO).

Pose Estimation: H petaBoAr mou uttohoyicel o ICP deixvel akpIBwg TTWS YETAKIVABNKE N KAUEPA A TO AVTIKEIMEVO OTOV XWpPO (6 BaBuoi eAeuBepiag - 6-
DOF).

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Backprojection - ICP algorithm

015
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Ti eival To Backprojection (bﬂlGGOﬂpOBON"]);

2T OTEPEOCKOTTIKI 0pacn, To Backprojection gival n diadikacia JETATPOTIAS TwV dI0dIACTATWY (2D) €IKOVOOTOIXEIWV TWV EIKOVWYV O€
TpiodidoTaTa (3D) onueia oTov Xwpo.

Mwg Asitoupyei: XpnOIMOTTOIWVTAG TIG ECWTEPIKES TTAPAUETPOUC TNG KAUEPAC (E0TIAKA aTTOOTACH, OTITIKO KEVTPO) KaI TN dlagopd ¢aong
(disparity) peTagu TNG apIoTEPAG Kal BECIAC €IKOVAG, KABE pixel TTpoBAAAETal TTIOW oTOoV 3D XWPEO WG JIA AKTiva.

AtrotéAeopa: Anpioupyeital éva vé@og onueiwv (point cloud), To oTT0I0 AVATTIAPIOTA TN YEWMETPIA TNG OKNVIC.

O ICP civail évag eTTavaAnTITIKOG aAyOpIBUOC TTOU XPpNOIYOTTIoIEITal VIO TNV euBuypduuion (registration) U0 dIAPOPETIKWYV VEPUWIV CNMUEIWV.
H diadikaoia:

AvTioToixion: Bpiokel Ta TTANCIE0TEPQ OnuEia PETAEU evog "tTnyaiou” vE@oug Kal evog VEQoUG "oTOXou".
EAaxioTotroinon: YtroAoyicel Tn BEATIOTN JETATOTTION KAI TTEPIOTPOPI TTOU EAAXICTOTTOIEI TNV ATTOCTACT METACU TWV AVTIOTOIXICHEVWY ONUEIWV.
EtravaAnyn: ETavalauBavel Ta Brigarta gEXP! Ta U0 vEPN va "KOUUTTWOOUV" JE akpiBela.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Tprywviopog (Triangulation)

MNwg «yevvieTal» to 3D amo 2 mpoBoAEG

Tour) aktivwy (rays) arto dVo KApepeg — ektipnon 3D onueiou

P (3D)

skova 1 sKova 2

W Y€ TIPAYUATIKES GUVOTKEC, OL AKTIVES SV TEvVOVTAL akpLPWE (0pUBoC) = AUom eAAXLOTWY TETpaywvwy (least
squares).

i Me meploodtepeg OPelg (multi-view) to mpdPAnpa yivetatl kKahutepa oplopévo — SfM + Bundle Adjustment (BA).

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Backprojection vs Triangulation

MNwg «yevvieTal» to 3D amo 2 mpoBoAEG

Backprojection vs Triangulation (kat rtote 1)

Dense stereo (pixelwise) vs sparse multi-view geometry

Backprojection (dense stereo) Triangulation (sparse / SfM)

Object Reconstruction e---e

Projections

e

Projection Backprojection

e “eKiva ano feature matches os moAAéc oelg (tracks).

e “eKlva amno disparity map d(x,y) o€ rectified ewkovec. . )
parity map d(x.y) S e Yrohoyilel camera poses (E/PnP) + triangulation onueiwv.

¢ Metatpénel kaBe pixel o (XY,Z) — mukvo point cloud.

o . . ¢ BeAtiotorotel pe Bundle Adjustment (reprojection error).
e Antautei calibration (K,B) yia metric scale.

e Scale ambiguity xwpig npdoBe mMAnpogopia

e |5aviko yid real-time robotics / driving scenarios.
B - (stereo/IMU/GCP).

Rule of thumb: Dense sterec — disparity—backprojection. Multi-view mapping = $fM (poses+triangulation) = (optional) dense MVS.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



lNnarti to Badog xavel akpifela pakpla;

ABeBalotnra (uncertainty) amo tod

Av To disparity €xet opalpa Ad, tote nepimov: AZ = (B-f / d?) - Ad

600

500

400

300

200

100

DY

—@— 7 (OXETIKO) =—@=— AZ yia Ad=1

Epunveia:

i M0 kpo d (Lakptd), To Z
HEYAAWVEL YPTIYOPAL.

il To {510 Ad rtpokalei TOAU
pneyaiutepo AZ.

il Apa: To stereo eivatl «KaAUTEPO»
O€E KOVTIVEC QUTOOTATELG.

AuUTO €&nyel yiati oe driving
datasets to stereo SuokoAeveTal
0€ TTOAU HAKPLVOUG OTOXOUG.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



To mAnpecg Pipeline

Intrinsics, distortion, stereo extrinsics

Tu Kavel KaOe otadlo

Inputs/outputs + npaktikeg mayideg (failure modes)

Iradwa (inputs = outputs) Kpiowpeg mayideg

e AdBoc calibration = AdBoc¢ depth khipaka (ouoTnUaTikd
oPpAaAuLa)

* Calibration: checkerboard/rig — K, distortion, baseline B * Occlusions = “tpuneq” oto disparity (L-R consistency check)

e Undistort: raw images — d10pBwpéveg elKOVEG * Textureless eploxeq —> acagég minimum oto C(d)

e Rectification: F/E (+K,R,t) = ot emutolkéc uBeieC yivovral opt{dvTieg * Repetitive patterns — Ad6og avtiotoiioeig (ambiguity)
e Matching cost: (L,R) = C(x,y.d) (r.x. SAD, Census, NCC) e Specular/lighting changes — mismatch (xpriowua:

e Regularization (SGM): C = cuvenéc disparity (Tipwpia acuvexelac) Census/robust costs)

e Disparity = Depth: Z = fB/d (fj Z = fB/(d+doffs) o€ datasets) * Sub-pixel disparity — kaAutepo Z (aAla evaicOrro o
e Depth — 3D: back-projection = point cloud / mesh Bopupo)

e Depth error grows with distance: Z ~ 1/d (pakpia
XELPOTEPEVEL)

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Structured Lightning

3D avamnapdotaon yia downstream tasks

Fig. 7.9 Left: The (laser) light source projects a sweeping light plane (by fanning out a light beam
into a “sheet of light”), which projects at each time a bright line across the objects of interest.
Right: The recovered surface of a person using structured lighting
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Structured Lightning

3D avamnapdotaon yia downstream tasks

Slide projector

Camera

Yu

Fig. 7.11 A slide projector projects one binary pattern at a time, thus either illuminating surface
points at this moment through the white columns or not (i.e. light is blocked by the black columns).
A sequence of slides generates thus at a surface point a binary code (1 = illuminated by this slide,
0 = not illuminated). The figure illustrates one light plane defined by subsequent columns in the
used binary patterns

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Arnto depth map og vépocg onueiwv (Point cloud)

3D avamnapdotaon yia downstream tasks

Me yvwoTo K (intrinsics) petatpenoupue (u,v,Z) = (X,Y,Z) ne back-projection.

Napadetypa: ToF point cloud Napadetypa: LiDAR point cloud

FewUETPLKY) YrtohoyloTikr) Opaon (Geometric Computer Vision)



Structure from multiple image views

3D avamnapdotaon yia downstream tasks

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Structure from multiple image views

3D avamnapdotaon yia downstream tasks

Structure from Multiplc Image Views. Figure L‘:_'s;

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



SfM pipeline (Structure from Motion)

A0 TTOAAEG €1KOVEG 0€ sparse 3D + camera poses

YTOV ITupnva: avrtiotolxioslg (matches) + eUpwotn ektipunon (robust) + Tplywviopog + BeAtiotonoinon.

1. Features ) 2. Matching L, 3. RANSAC

(SIFT/ORB) (descriptors) (F/E matrix)
4. Triangulation N 5. Bundle N 6. (opt) MVS

(sparse 3D) Adjustment (dense)

YNUElo-KAELSL: N eVpwOTN ekTipnon (robust estimation) amoppirttet outliers PV «LOAUVOUV» TN YEWUETPLA.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Bundle Adjustment (BA)

BeAtiotormoinon (non-linear least squares)

BA: BplOKOULLE TIG TIAPAUETPOUG KAUEPWYV Kal 3D onUELWY TTOU EAAXLOTOTIOLOUV TO OPAAUA ETTAVATTPOBOANG
(reprojection error).

EAaxiotormnoinomn opalparog enavanpoBoAng Mari eivat kpiowo;
(reprojection error) B
i \lopBwvel otadlaka drift kat

MLKPA OPAALATA YEWUETPLAG.
il Mewwvel Tov B6puBo o 3D
QVAKOTAOKEUT).

W Booko bottleneck os

XPOVO/UVIUN Yla Eeyala
datasets.

MpakTtika: BA = 0 «Klvntnpag
JroLoTNTAG» Tou SfM.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Stereo vs SfM vs MVS

Mote eTAEYW TL;

Kpumpto

Input

Output

KAipaka

Kalo ylia

Koéotog

Stereo

2 €IKOVEC (N stream)

Dense disparity/depth

'vwot (baseline)

Real-time, robotics

Meoaio (SGM)

SfM

N ETUKAAUTTTOEVEG ELKOVEG

Sparse 3D + poses

Appionun (scale ambiguity)

Mapping/phototourism

YymAo (BA)

MVS

N gikoveg + (ouxva)
poses

Dense 3D / mesh

E€aptatal amno
poses/scale

High-quality models

MoAU Ao
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Learning-based depth estimation

3D avamnapdotaon yia downstream tasks

.
= =il {0
m:llm |~ B }.l'ﬂ.'t'. T iid= |1 !% ki

Illl:.l'llll

Frndlsted Depak map

. A ’ =
ane ||1II it
representation y : 3 B T ! ! 1 oD i
Reshape Input Image (s l..ﬂf. ! r i
representation ... S e - U
DxDxN = R

representation

) I-: bagues
5
E

Tl

FrEEEEEEEP

* PE BN B Bm E

1“*:!' g ! hE P TREHED ':'.':".:'IE':' '..- .:- [ o
& . FE N BN BN W PN BE ==
e W I

BRI AT | 1 .

i [
BT W o= rfu o= rfpe

Predicted Depth P RIE Py

C1]

RT-VIiT: Real-Time Monocular Depth Estimation Using Lightweight Vision Transformers

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



2UYXPOVN EKTiuNon Badoug

Monocular depth (CNN/VIT) & self-supervision

Monocular depth estimation: ektipud Babog artd pia sikoéva (single image).

Tt Kepdi{ouuE;

il Aou\evel pe 1 kdpepa (pBnvotepo HW)
il Koo yla “relative depth” kat scene understanding

il YuvSudaletal pe stereo/LiDAR yia depth completion

Tt TANPWVOUUE;
i ArtoAuTn KAipaka (metric depth) SUokoAn Xwpic
ETIITAEOV CuUES

il [evikeuon (generalization) ektdg dataset: OENeL
TIPOOOXN

Napadeiypata (links):

e MiDaS: robust monocular depth (zero-shot
transfer)

¢ KITTI depth prediction/completion
benchmarks

Inuaivet: “monocular # dwpedav metric
depth”.

To BAETTOUUE WG CUITANPWHUATIKO
epyaleio (fusion) pe stereo/LiDAR.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Datasets & a&loAoynon

Nwg &€poupe otL To depth eivat “kald”;

Anuo@iAn benchmarks: Metpikeg (metrics) — evosIKTIKA:

il KITTI Stereo (2012/2015): outdoor driving, disparity

il EPE (End-Point Error) / MAE oto disparity
GT ayto LiDAR/SLAM

B i Bad pixel % (1. > 3px 1 > 5%)
i Middlebury Stereo: indoor/high-res, kKAaolkn

a&lohoynon dense stereo

i ETH3D: stereo + multi-view stereo / 3D
reconstruction, laser-scanned GT

il RMSE / AbsRel oto depth (6tav unapyet
metric GT)

i Completeness vs accuracy (16iwc o MVS)

YNUAVTIKO: OUYKpPIVELS “i18leg” ouvOnkeg (rectification, masks, ranges). Aev ouykpivelg ameuBeiag disparity-metrics
e depth-metrics xwpig pocox).

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



NP aKTIKEG TAYIOEG

Tt “omnael” o ouyva oto depth estimation

il A\dBoc/aotabéc calibration = AdBocg BdOog mavtou.
il Mkpo baseline B — pukpd disparities = xelpdtepn akpifeta og péom/makpvn {wvn.
il Mn ouyxpoviopévec kapepeg (rolling shutter / time offset) = artifacts o€ kivnon.

il Auto-exposure mismatch = aotdBela matching cost (xpnoiponoinoe normalization /
Census).

il Occlusions ota dpta avtikelpévwy = “tpurnec” (holes) mou B€é\ouv e181KN
LLETAXELPLOTN.

il AT 0AOYNON YWPIC owoTd masking (sky, reflective, transparent) = mapamAavnTika
metrics.

Rule of thumb: mpwta “vewpetpia owom”, petda tuning otov matcher.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Mini-Quiz (5")

[PNYOpPOG EAEYXOG KATAVONONG

1) MNati to stereo “60UAeVEL KAAUTEPA” OE KOVTIVEG ATTOCTACTELG;
2) Tu kepdiloupe pe rectification; Tt mpoUMOOETEL;
3) e SfM, ywati urtapyet scale ambiguity; Mw¢ ™ AUvELG;

4) Awoe 2 artieg outliers ota matches kau 1 Tporno avrtipetwriiong (robust).

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Yuvoyn (Takeaways)

Tt va kpamoelg ano to depth estimation

i Depth estimation = yewpetpia + avtiotoixion: calibration/rectification
elvat OgpelLa.

il Stereo: disparity = depth pe Z=(B-f)/d. Kovtd = ka\UTepa, HOKPLA =
aBefatomra.

il SGM/SGBM: mpakTIkog oUUBLRacpdC yia dense disparity o€ real-time.

il 3D reconstruction: triangulation + (og multi-view) SfM + Bundle
Adjustment.

i Monocular depth: xpnotwpo, aAAd mpooox”) oTnv KA{LAKA Kat o
YEVIKELON.

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)



Avagopeg & online UALIKO

YUVOEOUOL YLa LENETY)/ EUTTAOUTIOMO SLAPAVELWY

KUpleg mnysg:

Brown.edu Introduction to computer vision cs143: https://cs.brown.edu/courses/cs143

OpenCV Depth Map from Stereo Images: https://docs.opencv.org/4.x/dd/d53/tutorial_py_depthmap.html

OpenCV Camera Calibration: https://docs.opencv.org/4.x/dc/dbb/tutorial_py_calibration.html

Stanford CS231A Epipolar Geometry (PDF): https://web.stanford.edu/class/cs231a/course_notes/03-epipolar-geometry.pdf
KITTI Stereo benchmark: https://www.cvlibs.net/datasets/kitti/eval_stereo.php

Middlebury Stereo page: https://vision.middlebury.edu/stereo/

ETH3D overview: https://www.eth3d.net/overview

MiDaS (monocular depth): https://github.com/isl-org/MiDa$S

FewUETPLKY) YriohoyloTikr) Opaon (Geometric Computer Vision)
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